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Annotation. This article examines approaches to ROC-analysis for modeling commercial data behavior. It
examines a set of similar data on retail sales over a specific period of time. Based on existing estimates, a forecast is made
and its quality is assessed using baseline metrics confirming the forecast's reliability. Based on the confusion matrix,
conclusions were drawn regarding the model's reliability and balance. The final forecast demonstrated a high degree of
reliability. The most significant features for classification were identified, providing valuable insights into the factors
influencing the final target variable. The combined importance of the identified features allowed us to evaluate their role
in the classification process.
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Introduction. We considered a dataset containing point-of-sale sales results for a major player
in the retail market. Based on the initial data, we had to predict the target variable values for the initial
dataset and select a forecasting method that would most accurately predict data over the next three
months. We also had to evaluate the accuracy and quality of the predictive model. We also had to
evaluate the predicted values using a receiver operating characteristic ROC-curve and based on this,
identify the three most important predictors influencing the target variable.

Data. In this case, we used commercial sales data with the following parameters:

1. Training set: 10,000 rows, 33 columns.

2. Validation set: 20,000 rows, 33 columns.

3. Target variable: Target (binary: O or 1).

4. Distribution of classes in the training set: 50% class 0, 50% class 1.

Method. The Random Forest method was chosen to solve the binary classification problem.
This method was chosen for the described dataset for the following reasons:

¢ Random Forest works effectively with a large number of features and does not require pre-
selection of variables;

¢ the model is resistant to overfitting due to decision tree ensemble;

e the algorithm can account for nonlinear dependencies and interactions between features;

¢ the method correctly handles data containing gaps and noise, which is especially important
for large practical datasets collected at points of sale;

e Random Forest provides a built-in feature importance score, which allows for the
interpretation of model results.

Taking this into account, a conclusion was made about the reliability of this method within the
framework of the problem being solved. To assess the quality of the predictive model, a confusion
matrix was calculated, along with key classification quality metrics: Accuracy; Precision; Recall; and
Fl-score. The resulting metric values indicate acceptable quality of the model and its ability to
correctly distinguish between objects in the two classes.

Results. The quality of the predictive model was assessed on a validation set representing 20%
of the original data, using standard binary classification metrics.

The following performance indicators were obtained:

e Accuracy = 0.6915;

e AUC (Area Under ROC-Curve) = 0.755.

The Accuracy value indicates that the model correctly classifies approximately 69% of
observations. An AUC value greater than 0.755 indicates good class discrimination and confirms the
adequacy of the constructed model (Figure 1).
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Figure 1. he result of ROC-analysis of the classification of values
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Additionally, a confusion matrix was calculated, showing the distribution of correct and
incorrect classifications, allowing for a detailed assessment of the model's performance for each class.
Based on the feature importance assessment using the Mean Decrease Gini criterion, three of the most
significant predictors were identified: P16, P23, and P10. These features contribute most to the
decision-making process based on the Random Forest model and have a key influence on the final
forecast for our dataset (Figure 2). Taking into account objective assessments of significance, it is
these three features that are the most important for forecasting and they will be decisive in forming a
forecast for the data set under consideration.

Ton-3
> printCheadGimp_df, 3))
Predictor Importance

P16 P16  288.8789
P23 P23  246.7440
P10 P10  226.3062

Figure 2. The most significant features in the data set under consideration

In addition, a predictive binary classification model was built using the Random Forest method.
The model was trained and tested on a validation set, and its quality was assessed using the Accuracy
and AUC metrics. The model was also interpreted by identifying the most important features. The
results showed that the model has satisfactory quality and can be used to solve value prediction
problems within this dataset (Figure 3).
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Figure 3. Final class probability distribution

The Random Forest method was chosen to solve the classification problem because it
effectively models complex nonlinear relationships, is robust to overfitting, and provides a built-in
feature importance assessment mechanism. The confusion matrix demonstrates the balanced quality
of the model: it identifies positive-class objects reasonably well and does not exhibit a critical bias
toward false positives. At the final stage, a final prediction for the dataset was generated, which,
following practical implementation, demonstrated a high degree of reliability. Furthermore, the
analysis successfully identified the three most important predictors. Understanding feature
importance not only improves the model but also provides valuable insights into the factors
influencing the target variable. The combined importance of the three identified features exceeds
27%, indicating their dominant role in the classification process.
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INPEJACKA3AHUE 3HAYEHU HEJEBOI IPEMEHHOM 1
HNOCTPOEHUE ROC-KPUBOI

/.M. Pazens
K.3.H., doyenm kaghedpwl sxoHomuxy beropyccrkozo
20Cy0apCmeeHH020 YHUugepCcumema UH@OPMAmMuKy u
PAOUOINEKMPOHUKY

Annotanusa. B cTaree paccMaTpuBaroTcsa moaxo sl k ROC-anamn3y MOACTHPOBAHKS MOBSICHHS KOMMCPUICCKHIX
JAHHBIX. B cratee paccMaTpuBaACTCA Ha6op OAHOTHUITHBIX JAHHBIX O MPOJAKAX B pOSHH‘{HOI\/’I CCTH B TCUCHHUC OTACIBPHO
B3ATOTO MEPHOAA BpeMcHH. Ha 0CHOBAaHHH CYIIECTBYIOIMX ONCHOK ACTACTCS MPOTHO3 U OLCHHUBACTCSA CTO KAUCCTBA HA
OCHOBaHMH OA30BBIX IMOKA3aTCICH, MOATBEPKIAFOMIAX YPOBCHb JOCTOBCPHOCTH MPOTHO3a. Ha OCHOBAHWH MATpPHIEI
OmMUOOK CACIAHBI BBIBOABI O JOCTOBEPHOCTH M COANAHCHPOBAHHOCTH MOACTH. MTOTOBBIA MPOTHO3 MOKA3aT BBHICOKYIO
CTCICHb JOCTOBCPHOCTH. OTpeaeacHbl HanOoIee 3HAYUMBIC MMPH3HAKY AT KIACCH()HKALNH, YTO MO3BOIIIO MOTYIHT
LEHHYI0 NpPeaIMETHYI0 HMH(popManuio o (akTopax, BIMSIOIIMX HA HTOTOBYI0 LENCBYIO IepeMeHHYH. COBOKymHAsA
BA’KHOCTH BBIICIICHHBIX IIPH3HAKOB MO3BOIIIIA JATh OICHKY X POJH B MPOLECCE KIACCH(PUKATIHN.

KiarueBnie ciioBa: AHaIH3 JAHHBIX, MAPKCTHHTOBBIC JAHHBIC, KOMMCPYCCKAA OLICHKA, OobIIHE JAHHBIC, MACCHB
JAHHBIX, MPOTHOZHPOBAHUC, MAPKCTHHIOBASA AHAIMTHKA, KOMMEPUYCCKAs AHAMTHKA, KOMMEPYCCKOS MOJICTHPOBAHNC,
MPOTHO3HAS AHAJNHMTHKA, IPOTHO3HPOBAHHE MOBEACHUS, ANTOPUTMHUYCCKAN MAPKETHHT, PBIHOYHBIA mporHo3, ROC-
kpuBasg, ROC-anamms.
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